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Abstract

Scene Text Editing (STE) aims to naturally modify text in
images while preserving visual consistency, the decisive fac-
tors of which can be divided into three parts, i.e., text style,
text content, and background. Previous methods have strug-
gled with incomplete disentanglement of editable attributes,
typically addressing only one aspect—such as editing text
content—thus limiting controllability and visual consistency.
To overcome these limitations, we propose TripleFDS, a
novel framework for STE with disentangled modular at-
tributes, and an accompanying dataset called SCB Synthesis.
SCB Synthesis provides robust training data for triple fea-
ture disentanglement by utilizing the “SCB Group”, a novel
construct that combines three attributes per image to gen-
erate diverse, disentangled training groups. Leveraging this
construct as a basic training unit, TripleFDS first disen-
tangles triple features, ensuring semantic accuracy through
inter-group contrastive regularization and reducing redun-
dancy through intra-sample multi-feature orthogonality. In
the synthesis phase, TripleFDS performs feature remapping
to prevent “shortcut” phenomena during reconstruction and
mitigate potential feature leakage. Trained on 125,000 SCB
Groups, TripleFDS achieves state-of-the-art image fidelity
(SSIM of 44.54) and text accuracy (ACC of 93.58%) on the
mainstream STE benchmarks. Besides superior performance,
the more flexible editing of TripleFDS supports new opera-
tions such as style replacement and background transfer.

Code — https://github.com/yusenbao01/TripleFDS

1 Introduction

Scene Text Editing (STE) empowers users with fine-grained
control to modify specific text within an image while pre-
serving the invariance of other elements. As exemplified in
Fig. 1, this technology is crucial for diverse applications, in-
cluding digital content creation (e.g., editing documents and
posters) and enhancing various downstream tasks such as
Scene Text Removal (Zhang et al. 2024a), Optical Character
Recognition (OCR) (Fang et al. 2025), and Anti-forgery (Qu
et al. 2023a, 2024; Zhao, Chen, and Huang 2021; Roy et al.
2020; Luo et al. 2025).
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Figure 1: TripleFDS’s capabilities. Purple lines denote addi-
tional feature permutation-based editing operations enabled
by our approach.

Scene Text Editing (STE) methods often employ non-
disentangling or implicit strategies, such as diffusion-based
inpainting methods (Chen et al. 2023b; Tuo et al. 2024; Chen
et al. 2023a) and Transformer-decoder methods (Zhang et al.
2024a; Fang et al. 2025), enabling text reconstruction and in-
painting with notable quality. Early attempts at explicit dis-
entanglement, predominantly GAN-based (Gupta, Vedaldi,
and Zisserman 2016; Wu et al. 2019; Qu et al. 2023b; Yang,
Huang, and Lin 2020; Krishnan et al. 2023; Goodfellow
et al. 2014), used distinct modules to separate visual compo-
nents for tasks like text conversion and style/background ex-
traction. More advanced explicit methods, such as diffusion-
based reconstruction paradigms (Zhu et al. 2024; Zeng et al.
2024; Yang et al. 2024), brought enhanced image quality and
control by focusing on rich font feature representation and
integrating noisy-latent via conditional controls (e.g., Con-
trolNet(Zhang, Rao, and Agrawala 2023) for glyphs(Tuo,
Geng, and Bo 2024; Yang et al. 2023), DINOv2(Oquab
et al. 2024) for styles(Wang et al. 2024; Liu et al. 2024)
through bypass branches or cross-attention mechanisms(Ye
et al. 2023; Ji et al. 2024)).

Despite these advances, existing STE methods are pri-
marily limited by incomplete disentanglement of editable
attributes. For example, RS-STE (Fang et al. 2025)’s in-
sufficient disentanglement often leads to artifacts and blur-
riness, especially with elaborate fonts or complex back-
grounds. Similarly, TextCtrl(Zeng et al. 2024) employs bi-



nary disentanglement, where text content is separated, but
style and background remain entangled. This results in in-
herent stylistic entanglement, causing style deviation and
unnatural foreground-background boundaries.

To overcome the significant challenge of incomplete dis-
entanglement of editable attributes in previous methods, we
propose TripleFDS, a novel framework for STE that explic-
itly disentangles triple features through a dedicated disentan-
glement and synthesis process. To support this, we introduce
SCB Synthesis, a novel paradigm for constructing synthetic
text image datasets.

To achieve robust triple feature disentanglement, SCB
Synthesis utilizes the core concept of the SCB Group, which
facilitates the natural blending of permutations of text styles,
text contents, and backgrounds, generating diverse and well-
disentangled training samples. Furthermore, the model can
perform self-supervision for features lacking explicit ground
truth labels, such as style, by leveraging fixed mapping rela-
tionships among samples within a single SCB Group.

Building upon this data construct, we propose two dis-
tinct processes for feature disentanglement and synthesis. In
the first process, we introduce novel feature disentanglement
constraints to achieve accurate and non-redundant feature
disentanglement by leveraging the mapping properties both
within and across SCB Groups. This strategy enhances fea-
ture semantic accuracy, improves feature localization, and
enforces orthogonality among features to reduce informa-
tion redundancy.

In the synthesis process, unlike previous methods that pri-
marily focus on editing, our approach emphasizes robust re-
construction. To achieve this, we introduce a feature remap-
ping strategy that prevents “shortcut” phenomena during re-
construction and mitigates potential feature leakage. Lever-
aging the fixed feature mapping relationships within the
SCB Group, we deliberately create “hard-to-reconstruct” in-
puts for image A, whose triple features are synthesized by
remapping from other images (B, C, and D), compelling the
model to generate purer triple features.

In summary, our main contributions are as follows:

* We propose TripleFDS, a novel framework combining
explicit disentanglement and synthesis. It achieves ac-
curate feature disentanglement through a self-supervised
regularization strategy and ensures robust synthesis via
feature remapping.

* We introduce a new dataset, SCB Synthesis. By leverag-
ing SCB Groups, it enhances training data diversity and
facilitates robust disentanglement.

e TripleFDS achieves state-of-the-art performance on
mainstream STE benchmarks, while enabling flexible
triple feature combinations for new operations like style
replacement and background transfer.

2 Related Work

Existing techniques for Scene Text Editing (STE) can be
broadly categorized based on their approach to feature dis-
entanglement: non-disentangling/implicit editing, and ex-
plicit disentanglement.
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Figure 2: Visualizing 3 x 3 x 3 SCB Group and Feature
Disentanglement.

2.1 Non-disentangling or Implicit Editing
Methods

These methods primarily focus on text reconstruction or
inpainting, without explicitly disentangling the aftermen-
tioned triple features.

Diffusion-inpainting-based methods, such as TextDiffuser
(Chen et al. 2023b), AnyText (Tuo et al. 2024), Brush Your
Text (Zhang et al. 2024b), UDiffText (Zhao and Lian 2024),
DreamText (Wang et al. 2025), and Type-R (Shimoda et al.
2025), perform local text erasure and masked region filling.
Despite advancements in quality, their implicit handling of
features often leads to stylistic entanglement, which results
in blurriness caused by residuals.

Transformer-decoder-based methods, such as DARLING
(Zhang et al. 2024a) and RS-STE (Fang et al. 2025), lever-
age sequence-to-sequence generation and attention(Vaswani
et al. 2017) mechanisms for text editing. While achieving
text consistency and precise content editing, these methods
also suffer from insufficient feature decomposition (implicit
editing), leading to artifacts and limited editing capabilities,
such as the inability to independently transfer style or back-
ground.

2.2 Explicit Disentanglement Methods

Explicit feature disentanglement aims to enhance the quality
and flexibility of STE by separating visual components.

Early STE research, primarily based on Generative Ad-
versarial Networks (GANs)(Goodfellow et al. 2014), often
utilized distinct modules for tasks such as text conversion,
background inpainting, style extraction, and foreground-
background fusion(Shu et al. 2024). This modular approach
represented an early form of explicit disentanglement. Meth-
ods like SRNet (Wu et al. 2019), SwapText (Yang, Huang,
and Lin 2020), TextStyleBrush (Krishnan et al. 2023), and
MOSTEL (Qu et al. 2023b) focused on tasks such as word
or text-line editing, content replacement, and aesthetic trans-
fer. Despite this modularity, their generalization ability was
limited by the inherent capacity constraint of GANs and the
difficulty of accurately decomposing text styles, leading to
unstable background recovery and undesirable fusion arti-
facts (Shu et al. 2024).



Diffusion models, particularly in the cropping-
reconstruction paradigm, also enable explicit disentan-
glement. SceneVTG (Zhu et al. 2024) employs MLLM
reasoning for text generation, TextCtrl (Zeng et al. 2024)
controls through style and glyph disentanglement, and
FontDiffuser (Yang et al. 2024) focuses on one-shot font
generation for diverse styles. However, TextCtrl’s binary
disentanglement (coupling style and background) often
results in stylistic entanglement and unreliable background
guidance from unmasked regions.

Our TripleFDS framework advances previous disentan-
glement methods. Unlike binary disentanglement, which en-
tangles style and background, our approach achieves precise
disentanglement of triple features, resulting in truly indepen-
dent features. This robust disentanglement enables flexible
combinations and diverse STE operations, addressing the
stylistic entanglement and boundary issues faced by previ-
ous methods.

3 Method

This section details our proposed Scene Text Editing (STE)
framework, TripleFDS, and its supporting dataset SCB
Synthesis. Given that TripleFDS relies on the SCB Group
as a fundamental data unit, we first introduce the novel
dataset construction paradigm in Section 3.1. Subsequently,
Section 3.2 provides an overview of the TripleFDS frame-
work, explaining its disentanglement and synthesis pro-
cesses. In Section 3.3, we present the key feature disentan-
glement constraints, which ensure semantic accuracy and
non-redundancy of features. Finally, Section 3.4 discusses
our feature remapping strategy, a crucial component for ro-
bust feature learning and preventing model collapse.

3.1 SCB Dataset Construction Paradigm

We introduce a systematic method for constructing text
image datasets by explicitly decomposing complex scene
text images into three independent dimensions: background,
content, and style. Background refers to image regions out-
side the text mask, content denotes semantic characters
within the text mask, and style encompasses visual features
inside the text mask, such as font color, texture, glyph, bor-
der, and graphic transformations.

As depicted in Fig. 2, we propose the SCB Group con-
cept. An SCB Group is an image collection formed by sys-
tematically combining information from these dimensions.
An STE image I is modeled as I = G(S, C, B). For exam-
ple, a minimal SCB Group comprises 8 text images derived
from pairwise combinations of two styles S, two contents
Cy, and two backgrounds B, resulting in 2 X 2 x 2 = 8§
variations, expressed as {Is,c, 5. | =,y,2z € {1,2}}. With
the SCB Group, we can not only construct editing pairs for
various features (e.g., content editing, style switching, and
background changing), but also leverage its inherent struc-
ture, specifically the fixed feature correspondence among
samples, as depicted in Fig. 3 (top-left). This enables robust
training via the feature remapping strategy (Section 3.4) and
fosters accurate feature disentanglement through contrastive
learning with positive/negative sample pairing (Section 3.3).
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To mitigate the significant domain gap observed between
synthetic and real datasets in prior methods, we synthesize
data with enhanced realism. The detailed methodologies for
foreground text and style processing, including font selec-
tion, color configuration, and graphic transformations, as
well as the strategies for foreground and background fusion,
are thoroughly described in Appendix B.

3.2 Overall Framework

Our framework TripleFDS consists of two key processes:
feature disentanglement and feature synthesis. Before de-
scribing these processes, we define the key notations used
throughout this section: the VAE(Kingma and Welling 2014)
sampling rate is denoted as f, the hidden dimension is d, and
the character vocabulary size is |Z|. The image embedding
sequence length is N = (H x W)/f? (where H and W
represent the image height and width), and the text embed-
ding sequence length is L (representing the maximum input
character count).

During training, we first perform feature disentanglement
to extract the core triple features, followed by feature syn-
thesis to reconstruct the image.

1. Feature Disentanglement. The first process involves
disentangling the input image into three key features:
content, style, and background. This is achieved using
a Transformer-decoder-based disentanglement module
Fais (Radford et al. 2019). The input image embedding
Er,. € RV*4 i obtained via a VAE encoder &, while
learnable query tokens (Q¢ € RE*4, Qg € RIN-L)xd,
Qp € RV*4) guide the extraction of the content, style,
and background features. The disentanglement operation
produces the following features:

[Eignores Ecye s Esye BBy ] = Fais([E1,, 7QC;QS»QB])(71
)
where Ec, € RE*? represents the content feature,
Es,, € RW—L)xd represents the style feature, and
Ep,. € RVxd represents the background feature. Eignore
serves as a placeholder. These disentangled features are
further constrained using the self-supervised regulariza-
tion loss from Section 3.3, ensuring semantic accuracy
and non-redundancy.
. Feature Synthesis. In the second process, the disen-
tangled background and style features (E'p,., Es,) are
combined with the text embedding Fz,, € RL*4 de-
rived from a character embedding lookup table Egn,e €
RI¥I%4 and an image reconstruction query Q; € RN x4,
This process uses another Transformer-decoder-based
module Fyyn, for feature synthesis. Before synthesis, we
apply the feature remapping strategy from Section 3.4
to create a “hard-to-reconstruct” triplet, ensuring robust
feature learning. The synthesis operation is defined as:

[Eign0r67 Elm] = -’T'.symh([EBsru ES%? ET,rcv QI] ) . (2)

In this process, E7, . represents the embedding of the re-
constructed image. Notably, instead of using the content
feature E¢, ., the module leverages the text embedding
E7,. to guide content generation, ensuring accurate and
pure content guidance during both training and inference.
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Figure 3: Overview of our TripleFDS framework. This figure illustrates its core components and strategies: a minimal SCB
Group (top-left) where yellow and brown lines denote remapping objects for style and background features under the Remap-
ping Strategy; the pipeline for feature disentanglement and synthesis (middle), with rounded rectangles representing network
structures, red diagonal lines indicating learnable token; and visualizations of the Inter loss and Intra loss (bottom-right).

During inference, we apply the same framework as in
training, but with modified inputs depending on the task. For
text editing, we replace the input text with the target text. For
style or background transfer tasks, we use the source image
and condition image as input. The relevant feature from the
condition image is used to replace the corresponding feature
in the source image before the synthesis process.

3.3 Feature Disentanglement Constraints

Feature disentanglement is crucial for stable reconstruction
and robust feature learning, its efficacy depends critically on
the purity of the features from the disentanglement process.
If the disentanglement process produces under-disentangled
or redundant representations, it will severely hinder both the
learning process and reconstruction accuracy.

Therefore, precise feature disentanglement is achieved via
tailored contrastive loss functions. Firstly, the inter-group
contrastive loss Liy,, is employed to ensure that each fea-
ture (background, style, content) accurately corresponds to
its respective image component and semantic token, thereby
facilitating effective feature disentanglement across differ-
ent samples. As shown in Fig. 3 (right-middle), in a min-
imal 2 x 2 x 2 SCB Group, content feature learning de-
fines positive and negative samples based on shared con-
tent. This concept extends across the batch, incorporating
samples from other SCB Groups as additional negative sam-
ples to increase learning difficulty and foster training stabil-
ity. High-dimensional features are projected for dimension-
ality reduction and then normalized to enable cosine simi-
larity computation for contrastive learning, and an improved
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multi-round InfoNCE(He et al. 2020) loss optimizes style,
content, and background features by adjusting positive/neg-
ative sample partitioning. The InfoNCE loss is:
esim(i, 3)/T
esim(i,j)/T +Zk¢({z}UPL) esim(ik)/T Te .
3)

Here, P; denotes the set of indices of all positive sam-
ples for anchor 7 (excluding i itself). The term sim(i, j) de-
notes the cosine similarity between projected feature vectors
F; and F}; of anchor 4 and sample j. 7 is a learnable tem-
perature parameter, and € is a small constant for numerical
stability. The final Liner loss is computed by averaging all
such Eimm,j terms across all samples and all triple feature
types (background, style, and content), aiming to maximize
similarity between anchors and their positive samples while
minimizing similarity with all negative samples.

To obtain purer disentangled features and mitigate im-
plicit intra-sample coupling, we employ an intra-sample
multi-feature similarity loss Liy. This loss calculates the
cosine similarity between the features of the projected back-
ground B;, the style S;, and the content C; for each sample.
The similarity loss is defined as:

log

‘Cinteriyj =

»Cim.ra = (‘Slm(B“ Sz)' + |Slm(Bl, CZ)|+|SIIH(SZ, CZ)D .

“4)

Minimizing these similarity scores forces orthogonality in

the latent space, thereby eliminating redundancy, as shown
in Fig. 3 (bottom-right).

wl



3.4 Feature Remapping Strategy

As described in Section 3.1, the SCB Group facilitates di-
verse STE tasks by combining styles, contents, and back-
grounds. While this enables various feature editing pairs, de-
signing separate tasks for every permutation becomes overly
complex. All tasks fundamentally involve feature disentan-
glement and recombination, differing primarily in how fea-
tures are grouped. Therefore, instead of traditional editing-
centric training (Qu et al. 2023b; Zeng et al. 2024; Fang
et al. 2025), we adopt a source image reconstruction ap-
proach: disentangling an image into its triple features and
reconstructing the original image using them, as shown in
Fig. 3 (middle).

A challenge in reconstruction training is that one feature
(e.g., background) may carry redundant information, allow-
ing the model to “shortcut”, leading to collapse where con-
tent and style features are minimally learned. To prevent
this, we introduce a feature remapping strategy. This strat-
egy uses the fixed feature mapping relationships in the SCB
Group to remap features during reconstruction, forcing the
model to rely on the correct feature combinations.

After decomposing the original image into text style, text
content, and background features, remapped feature triplets
are created by leveraging SCB Group mappings. The remap-
ping logic is as shown in Fig. 3 (top-left).

e The background feature is remapped with another
background from the same SCB Group, ensuring back-
ground identity while varying content and style (brown
dotted line).

* The style feature is remapped with another style from
the same SCB Group, maintaining style identity but vary-
ing background and content (yellow dotted line).

¢ The content feature is not remapped, as it is derived di-
rectly from the input text embedding, ensuring consis-
tency across images with the same text content.

If multiple valid remapping samples exist for a feature,
their average forms the final remapped feature.
For the background feature, the remapping formula is:

_ 1

Bremap = § B|Is’ c' b (5)
Ng—1)(N¢g —1 o
(Ns =D(Ne =1) | i~
c€{1,...,.Nc}

s'#s,c'#c

Here, Bremap is the new background feature for the current
sample I, . p, and B|Iy . is the background feature from
image Iy 1, in the SCB Group, averaged over styles s” and
contents ¢’.

The hybrid triplet is fed into the feature synthesis mod-
ule, which must reconstruct the original image. This tar-
geted interference forces the module to rely only on the
target image features, penalizing redundant encoding (e.g.,
style/content in the background) by causing reconstruction
failure and higher loss. This mechanism encourages the dis-
entanglement module to learn purer features, ensuring that
each feature type (background, style) captures only its rele-
vant information, creating ‘“hard-to-reconstruct” inputs and
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establishing an information bottleneck that minimizes inter-
feature correlation.

In addition to the self-supervised loss discussed in Sec-
tion 3.3, the availability of ground truth labels for content
and background features allows us to apply supervised con-
straints. Following the design of RS-STE (Fang et al. 2025),
we introduce two loss functions: a reconstruction loss L.
for the quality of the inpainting background and the recon-
struction image and a recognition loss L., for the accuracy
of content feature.

The total loss function is then defined as:

ﬁtotal = (Lrec + Lreg) + Ainterﬁinter + )\intraﬁimra- (6)

Here, L. and L, are the baseline losses from RS-STE
(Fang et al. 2025), while Ly and Liye, are new loss terms
introduced for our model, with their respective settings of
weights are provided in Appendix C.

4 Experiments
4.1 Datasets and Evaluation Metrics

Training Data. Our model is trained exclusively on syn-
thetic datasets. During training, we utilized a 1 million-
image SCB Synthesis dataset, generated by our dataset con-
struction paradigm (Section 3.1). For a fair evaluation on
Tamper-Syn2k(Qu et al. 2023b), our model was further fine-
tuned on MOSTEL’s synthetic dataset, Tamper-train-150k.

Evaluation Data. Model performance was comprehen-
sively assessed on various real-world and synthetic datasets,
including the ScenePair(Zeng et al. 2024) benchmark
(1280 real-world editing-pairs), the Tamper-Syn2k(Qu et al.
2023b) dataset (2,000 synthetic editing-pairs), and the
Tamper-Scene(Qu et al. 2023b) dataset (7,725 unpaired real-
world images).

Evaluation Metrics. For visual quality, we adopt: (i)
Mean Squared Error (MSE) for pixel difference; (ii) Peak
Signal-to-Noise Ratio (PSNR) for signal reconstruction
quality; (iii) Structural Similarity Index Measure (SSIM)
for structural similarity; and (iv) Fréchet Inception Distance
(FID)(Heusel et al. 2017) for realism and diversity (via fea-
ture distribution comparison). For text rendering accuracy,
we measure word accuracy (ACC), assessing character-level
correctness within edited images.

Comparison. We conduct a quantitative comparison of
our TripleFDS against several methods in STE. These in-
clude GAN-based (SRNet (Wu et al. 2019), MOSTEL (Qu
et al. 2023b)), Diffusion-based (AnyText (Tuo et al. 2024),
TextCtrl (Zeng et al. 2024)), and Transformer-based (DAR-
LING (Zhang et al. 2024a), RS-STE (Fang et al. 2025))
methods. As shown in Tab. 1, certain entries are dashed due
to specific limitations: AnyText lacks results for Tamper-
Syn2k and Tamper-Scene as it is designed for inpainting
with cropped inputs. DARLING’s ScenePair results are un-
available because its code is not open-source, and its paper
only reports performance on Tamper-Syn2k and Tamper-
Scene. For a fair comparison, we implement RS-STE (de-
noted RS-STE7 in Tab. 1). This was necessitated by RS-
STE’s use of MLT2017(Nayef et al. 2017) for fine-tuning,
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Methods | Tamper-Scene | Tamper-Syn2k \ ScenePair

ACCT | SSIMf PSNRT MSE| FID| | ACCt SSIM{ PSNRT MSE| FID|
SRNet 30.26 49.97 18.66 2.16 64.37 | 17.84 26.66 14.08 5.61 49.22
MOSTEL 66.54 56.94 20.27 1.35 33.79 | 37.69 27.45 14.46 5.19 49.19
AnyText — — — — — 51.12 30.73 13.66 6.19 51.79
DARLING 70.85 60.07 20.80 1.20 44.48 - - - - -
TextCtrl 74.17 66.60 20.79 1.30 31.13 | 84.67 37.56 14.99 4.47 43.78
RS-STE¥ 73.71 65.91 20.92 1.17 36.49 | 89.92 42.59 15.71 3.56 48.82
Ours 75.62 67.44 21.60 1.26 30.84 | 93.58 44.54 16.53 3.23 46.40

Table 1: Comparison on editing performance with previous methods on Tamper-Syn2k, Tamper-Scene and ScenePair. The MSE
and SSIM are presented as (x 10~2), and RecAcc is presented in percent (%).

which could cause data leakage from ScenePair. Our re-
implementation, based on their paper and code, ensured fair-
ness by scaling up its parameter count to match ours and
adapting our SCB Group dataset for its pretraining.

4.2 Quantitative and Qualitative Analysis

As shown in Tab. 1, TripleFDS achieves state-of-the-art per-
formance across mainstream STE benchmarks.

For image quality, TripleFDS demonstrates strong perfor-
mance. Specifically, on Tamper-Syn2k, we achieved lead-
ing performance in SSIM (67.44), PSNR (21.60), and FID
(30.84). These results indicate that our disentanglement
method successfully yields more accurate glyph structures,
purer style features, and higher-quality background recon-
struction. For MSE, the ‘“hard-to-reconstruct” triplets em-
ployed by the remapping strategy in the synthesis stage,
entangled with potential abnormal pixels in synthetic data,
can pose challenges to the model, sometimes causing con-
fusion during feature synthesis. On ScenePair, we secured
leading performance in SSIM (44.54), PSNR (16.53), and
MSE (3.23). TripleFDS achieved the second-best FID of
46.40, only behind TextCtrl (FID: 43.78), which excels in
real-scene background inpainting due to its powerful dif-
fusion architecture. Compared to RS-STE{(FID: 48.82),
TripleFDS significantly improves performance, underscor-
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ing the superior effectiveness of explicit disentanglement
over implicit editing for high-quality, realistic image gen-
eration.

Regarding text accuracy, TripleFDS achieves the high-
est accuracy on both Tamper-Scene (75.62 %) and ScenePair
(93.58%), surpassing baselines like TextCtrl and RS-STEf.
Despite RS-STEtalso employing a recognition loss to em-
phasize the accuracy of the text, our triple feature disentan-
glement purifies the style and background features by re-
ducing redundant content information, thus minimizing the
appearance of artifacts and improving the accuracy of text
recognition.

Upon closer inspection of Fig. 4, TripleFDS demon-
strates superior editing, effectively avoiding artifacts and
color aberrations while maintaining strong style consistency.

4.3 Ablation

We conducted comprehensive ablation experiments to sys-
tematically evaluate the contribution of our key technical
designs, hyperparameter choices, and model capacity and
training data scale to model performance on the ScenePair
dataset.

The following subsections detail experiments on core
method designs, SCB Group configurations, and different
editing operations.
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Methods ACCt SSIM{ PSNRT FID|
(Lree + Lreg) 9023 4184 1548 4931
+RS 9224  43.18 1601  46.56
+ Linter 93.14 4473 1649  47.08
+ Linga (Ours) 9358 4454 16.53  46.40

Table 2: Ablation results for core method design.

Ablation of core method designs. As depicted in Tab. 2,
our foundational model was trained solely with reconstruc-
tion loss L. and recognition 1oss L.

Introducing the feature remapping strategy RS was cru-
cial, effectively preventing model collapse and improving
FID (49.31 to 46.56) and other metrics. This efficacy stems
from its implicit diverse feature remapping via ‘“hard-to-
reconstruct” triplets, fully leveraging SCB Group’s inherent
structure for robust feature learning.

Adding the inter-group contrastive 10ss Linter further en-
hanced performance in ACC, SSIM, and PSNR. Its empha-
sis on regional feature focus, while maintaining structural
integrity, subtly increased FID (46.56 to 47.08) due to resid-
ual background feature redundancy interfering with detail
recovery.

Finally, incorporating the intra-sample multi-feature sim-
ilarity loss Lin¢ra completed our full model. This orthogonal-
ity constraint directly mitigated redundancy, further improv-
ing FID. However, it marginally impacted overall feature ex-
pressiveness, resulting in a minor SSIM drop.

Ablation of different SCB Group configurations. This
ablation study investigates the impact of SCB Group’s in-
ternal structure and diversity distribution on disentangle-
ment effectiveness. As detailed in Tab. 3, we investigated
various SCB Group configurations (e.g., (1,4,4,4), (4,4,2,2),
4,242), (4,2,2,4), (8,2,2,2)), each totaling a 64-image
batch, exploring distributions of groups, styles, contents, and
backgrounds.

Results show that biasing a single feature dimension de-
grades overall performance. For example, (4,2,4,2) showed
notably worse image quality (FID: 49.48), despite in-
creased content diversity. More balanced configurations like
(1,4,4,4) and especially our standard (8,2,2,2) yielded better
overall results.
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Configuration ACCT SSIMt PSNRT FIDJ
(1,4,4,4) 93.13  43.53 1586  47.52
4,4,2,2) 90.89  42.17 1576  47.59
4,2,4,2) 92.2 41.95 15.63  49.48
4,2,2,4) 90.56  42.63 15.7 46.79
(8,2,2,2) 93.58 44.54 16.53  46.40

Table 3: Ablation results for training data configuration.
(Number of groups, styles per group, content per group,
background per group) indicating image quantity combina-
tion, totaling 64 images per batch.

The optimal performance of (8,2,2,2) stems from in-
creased negative sample diversity for contrastive learning,
benefiting from a larger number of groups. Conversely, when
feature dimensions exceed two (e.g., in (1,4,4,4)), averaging
multiple remapping objects in the feature remapping strat-
egy can significantly increase training difficulty due to lim-
ited model capacity, thus favoring more groups with fewer
elements per dimension.

Qualitative Analysis of Various Text Editing Opera-
tions. Fig. 5 presents the visualization results of TripleFDS
across various editing operations. TripleFDS successfully
disentangles text, style, and background, offering a wider
array of possibilities for scene text editing.

5 Conclusion

To overcome challenges in feature disentanglement in prior
scene text editing (STE) methods, we introduce TripleFDS,
a novel framework with disentangled modular attributes,
alongside the SCB Synthesis dataset. This dataset provides
robust training data for triple feature disentanglement us-
ing the SCB Group. Leveraging this construct as a founda-
tional unit, TripleFDS first disentangles the triple features,
ensuring semantic accuracy by applying inter-group con-
trastive regularization and minimizing feature redundancy.
During synthesis, TripleFDS remaps features to prevent
“shortcut” phenomena and avoid feature leakage in recon-
struction. Extensive experiments show that TripleFDS out-
performs existing methods, offering enhanced flexibility and
high-quality results, achieving sota performance in STE.
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